Introduction
Direct determination of phosphate and silicate by spectrophotometric methods is very difficult due to mutual interference between them.
The problem has serious consequences in view of the widespread utilization of phosphate and silicate in synthetic detergents, water softeners, surfactants, some alloys and many other applications. The common analytical methodology involves the reaction of both ions with molybdate in acidic medium, producing the yellow molybdophosphate and molybdatosilicate. 1 However, determination of phosphate and silicate in the presence of each other by polyhetromolybdic acid and polyhetromolybdenum blue was not sufficient. Simultaneous determinations of these ions by traditional spectrophotometry were performed using a masking agent, 2 pH controlling 3 and separation steps. 4 Sequential injection analysis, [5] [6] [7] [8] stopped flow injection analysis 9 and fluorophotometric detector with a flow-through cell [10] [11] [12] were used for the simultaneous determination of phosphate and silicate. Application of flow analysis for determination purposes requires careful control of experimental conditions. So this can become an important disadvantage for determination in analytical chemistry that should be considered.
El-Sayed applied first-derivative spectrophotometry for simultaneous determination of phosphate and silicate. 13 An unwanted effect of the derivative methods is the decrease in S/N. This decrease follows from the fact that noise always contains the sharpest features in the spectrum. So more sensitive methods for simultaneous determination of them were of interest.
Multivariate calibration methods such as partial least squares (PLS) or principal component regression (PCR) can be applied to multi-component determination. 14 These methods are not suitable when non-linearity is observed in the system. Artificial neural networks (ANNs) have attracted the interest of many researches in the field of chemistry as modeling tools for multivariate calibrations. The ANNs are able to acquire information and provide models even when the information and data are complex, noise contaminated; nonlinear and incomplete. 15, 16 Their ability to handle non-linearities makes them a valuable contribution to the discipline. It has been demonstrated that it is possible to obtain excellent results in multivariate calibration problems using ANNs. 17, 18 Among neural networks, the most popular is the multi-layer-feedforward neural networks (FFNNs) with the back-propagation learning algorithm. A radial basis function network is an ANN which uses radial basis functions as activation functions. They are used in function approximation, time series prediction, and control. Radial basis function networks (RBFNs), on the other hand, offer interesting alternatives to FFNNs, in the sense that they allow local training and the final models can be interpreted in terms of logical rules. [19] [20] [21] In the present work, the applicability of one of the powerful chemometrics methods, ANNs assisted by principal component analysis, was examined. The procedure was based on the formation of phospho-and silico-molybdenum blue complexes in the presence of ascorbic acid, to allow the simultaneous determination of phosphate and silicate. These methods are very selective, precise, sensitive and applicable to simultaneous determination of phosphate and silicate over wide ranges. Simultaneous determination can be performed without decreasing the signal-to-noise ratio, without any need to carefully control experimental conditions and also with handling non-linearities. In the present study, chemometric analysis of visible spectral data of phospho-and silico-molybdenum blue complexes was used to develop artificial neural networks (ANNs) for the simultaneous determination of the phosphate and silicate. Combinations of principal component analysis (PCA) with feed-forward neural networks (FFNNs) and radial basis function networks (RBFNs) were built and investigated. The structures of the models were simplified by using the corresponding important principal components as input instead of the original spectra. Number of inputs and hidden nodes, learning rate, transfer functions and number of epochs and SPREAD values were optimized. Performances of methods were tested with root mean square errors prediction (RMSEP, %), using synthetic solutions. The obtained satisfactory results indicate the applicability of this ANN approach based on PCA input selection for determination in highly spectral overlapping. The results obtained by FFNNs and by RBF networks were compared. The applicability of methods was investigated for synthetic samples, for detergent formulations, and for a river water sample. 
RBFN Topology
RRBFNs typically have three layers: an input layer, a hidden layer with a non-linear RBF activation function and a linear output layer. RBFN generally uses a Gaussian function to account for the non-linearity of the hidden layer processing elements. The output of the network is thus
where N is the number of neurons in the hidden layer, xi is the input unit, cj is the center vector for neuron j, dj is the peak width and wji is the weight of the linear output neuron. The weights are adjusted to minimize the mean square error of the net output, ||xi -cj|| are the calculated Euclidean distance between input unit and cj, and dj determines the portion of the input space where the jth RBF will have a non-significant zero response. Two sets of parameters (the centers and the widths) in the hidden layer and a set of weights in the output layer are adjusted. Therefore, the adjustment of the output layer is simple and RBFN has a guaranteed learning procedure for convergence. However, in back-propagation FFNNs, the parameters of transfer functions both in hidden and output layers should be adjusted and generally this is time consuming.
Experimental
Reagents All solutions were prepared with analytical grade reagents. A stock solution of phosphate (1000 mg L -1 ) was prepared by dissolving potassium dihydrogen phosphate (Merck) in water. A stock solution of silicate was prepared by appropriate dilution of a sodium silicate solution (Merck) with water. A sodium molybdate solution (0.02 mol L -1 ) was prepared by dissolving an appropriate amount of (NH4)6Mo7O24·2H2O in 0.2 mol L -1 nitric acid. Ascorbic acid, 3 ¥ 10 -2 mol L -1 , was prepared by dissolving appropriate amounts of ascorbic acid (Merck) in 100.0 mL of distilled water. The detergents were brought from local markets.
Spectra and data analysis
Spectra were recorded and stored using a UV-mini-WPA spectrophotometer with a 1-cm path length quartz cell. A Model 713 Metrohm pH meter was used for the measurement of pH of the solutions. The autoscaled data (using the mean and standard deviation of each column) were subjected to ANNs. A short program was written in MATLAB 7.1 for performing principal component analysis and for autoscaling of the data. The network calculations were performed using nnet-Toolbox for MATLAB 7.1.
Procedure
Three sets of standard solutions containing the two anions were prepared as calibration, prediction and validation sets. The correlation between concentrations of the two anions was avoided. Each set was selected so that the concentrations of the analytes approximately covered the entire ranges of the analytes.
Appropriate amounts of phosphate and silicate and 1.0 mL molybdate solution were added to a 10-mL volumetric flask and the mixtures were allowed to stand for 15 min. Then 1 mL of 3 ¥ 10 -2 mol L -1 ascorbic acid solution was added and the solution was heated for 3 min at 50˚C. This solution was cooled and made up to the mark with water and allowed to stand at room temperature for 5 min. A portion of the solution was transferred into a 1-cm quartz cell to record the absorbance spectra against a blank solution in the wavelength range of 400 -900 nm with 1 nm intervals. Calibration and prediction sets which contained 15 and 9 samples with different analyte concentrations, respectively, were selected randomly. Also an external validation set with 5 samples was selected randomly. Table 1 shows the calibration and prediction contents.
Simultaneous determination of silicate and phosphate in detergents
Detergent formulation samples were prepared according to the procedure reported previously. 13 One gram of powder was weighed and dissolved in about 150 mL of hot water by vigorous stirring for about 5 min. The solution was then diluted to 250 mL with water. Twenty milliliters of the diluted solution were transferred into a 500-mL beaker. Thirty milliliters of water and 50 mL of dilute nitric acid were added to the solution. The solution was cooled rapidly and then a few drops of phenolphthalein indicator were added. To neutralize the solution, we added drop wise concentrated NaOH and then diluted it to 250 mL with water. One milliliter of this sample was subjected to the procedure.
Results and Discussion
Absorption spectra Figure 1 shows spectral data in the range 600 -900 nm for aqueous solutions of silico-molybdenum blue complexes (curve 1) and phospho-molybdenum blue (curve 2). This figure illustrates significant spectral overlap in the system. Therefore, each compound interferes in the spectrophtometric determination of the other one. ascorbic acid (1 mL).
Optimizing the network variables in PC-FFNN
When an ANN is used as a model of nonlinear calibration, one node in the output layer is a common topological suggestion. For the optimization of a neural network, a trial and error method has to be used to find the best neural network architecture. In this study, some factors such as number of principal components, number of nodes (neurons) in hidden layer, learning function and number of epochs were optimized.
Performance of methods were tested with root mean square errors prediction (RMSEP), using synthetic solutions of phosphate and silicate as the prediction set. The results obtained in the quantification of the samples in the training and prediction sets are expressed as:
where *i and yi are the desired output and the actual output sets, respectively, and n is number of prediction set samples. Reducing the data volume before using ANNs for multivariate calibration was suggested as a preprocessing step in many of the previous studies. 22, 23 Also before being reduced, the absorbance data were auto-scaled. The data were reduced by principal component analysis (PCA). Utilizing the feed-forward neural networks including one to five PCs were trained. The lowest RMSEP% values were obtained with two input factors. In order to determine the optimal number of hidden layer networks, neural networks with different numbers of hidden nodes were trained. The number of hidden nodes was varied from one to eight to train the networks. According to its ability on the testing set, the RMSEP% of the predicting set was calculated. The RMSEP% versus the number of hidden layer nodes presented that the best number of hidden layer nodes is three and four for phosphate and silicate, respectively. The next factors that were optimized are learning function, number of epochs and transfer functions. The optimized variables are given in Table 2 . Table 3 shows the prediction results obtained with a model having optimized parameters.
Optimizing the network variables in RBFN
RBFs are embedded into two-layer feed-forward neural networks. Just as with other networks, these networks are characterized by a set of inputs and a set of outputs. Between inputs and outputs there is a layer of processing units called hidden units. By the exact fit type of radial basis function networks (from ANN Toolbox of MATLAB Ver. 7.1), the number of hidden nodes is equal to the number of nodes in the input layer.
The two primary variables which affected performance were the number of hidden units used and the Gaussian SPREAD. The best value for the SPREAD constant changed as the number of hidden units increased, since the density of hidden units in vector space increased. The challenge of designing an RBF network lies in properly placing hidden layer neurons and choosing an optimal value for the SPREAD constant such that the entire input space of interest is covered with minimum overlap. Finding optimal values is usually done empirically, rather than through automatic training methods. Input variables for this part were PCs from application of PCA on spectral data. RMSEP% for the prediction of both the complexes at the number of inputs from one to eight, and SPREAD constants of 0.1 -50 were investigated. Seven and nine PCs were used as input variables for phosphate and silicate, respectively. Based on the data in Fig. 2 , the SPREAD constants which affected the RMSEP% of phosphate and silicate in the synthetic samples were evaluated. The best SPREAD constant was found as a value which agreed on a minimum RMSEP%. Also the validation set was used to find the global minimum instead of a local minimum to get the best value of SPREAD constant. A SPREAD constant of 10 was used in the final trained PC-RBFNs for both the ions. Estimated concentrations of the phosphate and silicate are given in Table 4 . As Table 4 shows, improvements in the estimated RMSEP% were observed when PC-RBFN was applied instead of PC-FFNNs. In the case of using PC-RBFNs, the obtained results from repetition of training procedure for each condition were the same.
Comparing the RMSEP% values obtained by the two networks (Tables 3 and 4) shows that the RBFNs can predict concentration of analytes better than FFNNs. This is due to utilizing better local distributions of the training samples and fewer parameters in optimization. Stability of the network causes the training step to become very fast and results in same prediction values in each repetition. Therefore, the precision and accuracy of PC-RBFN results are better than PC-FFNN results.
Study of diverse ions
The effects of foreign species on the simultaneous determination of phosphate and silicate were investigated by measuring the absorbance of solutions containing 0.8 mg L -1 of phosphate and 0.8 mg L -1 of silicate in the presence of various amounts of other ions. The tolerance limit was taken as the amount of added ions causing less than a ±5% relative error in the signal. The results are shown in Table 5 . As Table 5 shows, many of cations and anions did not interfere in phosphate and silicate determination. The interfering effect of AsO4 3-can be removed up to 2.3 and 2.5 for phosphate and silicate, respectively, by addition of 1 mL of 15% sodium thiosulfate.
Applications
The methods were tested by their application to simultaneous determination of phosphate and silicate in detergent formulations and also in a river water sample. The concentrations of both anions predicted by PC-RBFNs and PCFFNNs are presented in Table 6 . The results obtained by the proposed method were validated by comparison with those obtained by standard methods. 1 The relative difference between the results obtained by the proposed methods with those obtained by standard method was less than 2%. This indicated that the proposed methods are suitable for the simultaneous determination of phosphate and silicate in such samples. The good agreements between the results obtained by the proposed methods indicate that both the methods are efficient for simultaneous determination of phosphate and silicate in different mixtures.
Conclusions
In this paper, simultaneous spectrophotometric determination of phosphate and silicate based on the molybdenum blue chemistry using FFNN and RBFN was developed. The molybdenum blue method has not sufficient selectivity for determination of each anion in the presence of the other anion. So, for simultaneous determination of them, neural networks were proposed. The Fig. 2 The relationship between SPREAD and RMSEP% values in PC-RBFN for (f) phospho-molybdenum blue and (s) for silicomolybdenum blue. a. After addition of 1 mL of 15% sodium thiosulfate. 
